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When discussing the connection of wind energy and climate change, normally, the
potential of wind energy to reduce green house gas emissions is emphasised. Hence,
effects of wind energy on climate change are analysed. However, what about the
other direction? What is the impact of climate change on wind energy? Recently, the
effect of a reversal in global terrestrial stilling,that is, an increase in global wind speeds
in the last decade, on the wind energy production has been analysed. Certainly,
knowledge about potential changes in energy production is essential to plan future
energy supply. Nonetheless, at least similarly important is the effect on loads acting
on wind turbines. Increasing loads due to higher wind speeds might reduce wind tur-
bine lifetimes and yield higher costs. Moreover, especially for already existing tur-
bines, it might even affect the structural reliability. Since the impact of climate change
on wind turbine loads is largely unknown, it is studied in this work in more detail. For
this purpose, different existing models for predicted changes in wind speed and air
temperature and their uncertainties are used to forecast the environmental conditions
an exemplary offshore wind turbine is exposed to. Subsequently, for this turbine, the
lifetime fatigue damages are calculated for different prediction models. It is shown
that the expected changes in lifetime fatigue damages are present but relatively small
compared to other uncertainties in the fatigue damage calculation.
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1 | INTRODUCTION
Wind energy in general and offshore wind energy in particular are supposed to be major clean energy sources in future1 to reduce green house
gas emissions, and therefore, to stop or at least limit climate change. However, even today, we already witness a significant amount of climate
change.2,3 For the upcoming years, further changes are predicted.4,5 Therefore, there is also a significant amount of research focussing on effects
of climate change on wind energy. A comprehensive summary of these effects is given by Pryor and Barthelmie.6 Such research aims, inter alia, at
answering the question whether these changes will help us to achieve the objectives set with respect to wind energy production or will rather
aggravate the situation.
[Correction added on 07 November 2020, after first online publication: Projekt Deal funding statement has been added.]
Received: 2 July 2020 Revised: 3 September 2020 Accepted: 13 September 2020
DOI: 10.1002/we.2572
This is an open access article under the terms of the Creative Commons Attribution License, which permits use, distribution and reproduction in any medium,
provided the original work is properly cited.
© 2020 The Authors. Wind Energy published by John Wiley & Sons Ltd
Wind Energy. 2021;24:275–289. wileyonlinelibrary.com/journal/we 275
In this context, global terrestrial stilling has been a major concern in the past years. Stilling describes the phenomenon of reducing average
wind speeds over land.7 It was observed worldwide from the 1980s to around 2010.8,9 Decreasing wind speeds lead to a reduced energy produc-
tion.9,10 Hence, even more wind turbines would be needed. However, for some local areas, especially offshore, this global trend was irrelevant.
One of these areas, which is of particular relevance for the offshore wind energy sector, is the North Sea. For the North Sea, the effect of climate
change on wind and waves has been studied comprehensively.11,12 Increasing wind speeds were already predicted 10 years ago for the Neath
Sea.13 Moreover, it has been found out recently that global terrestrial stilling reversed around 2010.14 Hence, even onshore, increasing wind
speeds are now predicted for the upcoming years. This increases the wind energy potential significantly. Zeng et al14 calculated an increased
hypothetical global production potential of more than 15% for the years 2010 to 2017.
On the one hand, this predicted increase in wind speeds might help us to achieve the objectives set with respect to wind energy production
by increasing the wind potential. This effect has already been investigated in many studies.14,15 On the other hand, higher wind speeds do not
only yield higher energy outputs but also increase wind loads acting on the turbines. That is why, future wind turbines will probably have to be
designed for higher loads, and therefore, the cost of wind energy might increase. Moreover, perhaps even more relevant, current wind turbines
are not designed for these higher wind speeds. Although wind turbines are designed with significant safety factors,16 the expected harsher wind
conditions might reduce the reliability of current turbines. This means that lifetimes might be reduced. In some rare cases, the structural integrity
can even be endangered. These effects of climate change on wind turbine loads, especially of the recently predicted higher wind speeds, have not
yet been analysed in detail. The impact of climate change on wind turbine loads is largely unknown. Some early work on this topic was conducted
by Clausen et al17,18 However, Clausen et al. did not focus on fatigue loads. For their fatigue analysis, they used a highly simplified approach by
neglecting wave loads and considering only two load cases. Recently, Bisoi and Haldar19,20 analysed the effect of climate change on the dynamic
behaviour of offshore wind turbines. They investigated the effect of increasing maximum wind speeds on ultimate and fatigue loads based on a
simplified beam model of a wind turbine. Their fatigue analysis is based on the annual maximum wind speed only and not on the entire wind speed
distribution or even on the joint distribution of various environmental conditions. Hence, so far, all research on the effect of climate change on
fatigue lifetimes of wind turbines is based on highly simplified structural models and/or load cases. As a consequence, it is studied in more detail
and in consideration of uncertainties in this work to answer the following question: What is the influence of climate change on wind turbine
fatigue loads and is it relevant for the lifetime calculation?
For this purpose, for an exemplary offshore wind turbine located in the North Sea, the environmental conditions the turbine is exposed to
over its entire lifetime are forecasted using various models for climate change. For these models, their inherent uncertainty is taken into account.
Subsequently, for this turbine, fatigue loads are calculated for the different prediction models. This enables an investigation of the impact of cli-
mate change on the fatigue lifetime of offshore wind turbines. Finally, the results and their uncertainty are compared to the uncertainty in lifetime
predictions in general. This helps to estimate the relevance of climate change for wind turbine fatigue lifetime calculations.
The rest of this work is structured as follows: In Section 2, first, the exemplary wind turbine site including the present environmental conditions
is described. Second, several existing models for predicted changes in wind speed and air temperature are presented. And third, it is shown how
their uncertainties can be modelled using imprecise probabilities. Section 3 focusses on the fatigue lifetime calculation. First, a measure for the
fatigue lifetime is introduced and explained. It is the lifetime damage equivalent load (DEL). Second, the applied model for the exemplary wind
turbine is presented. Since the computation of lifetime DELs is quite time-consuming, third, a meta-model-based approach is introduced. This
approach enables a fairly efficient calculation of lifetime DELs. In Section 4, the outcomes of the analyses of the environmental conditions including
predicted changes and uncertainties are presented. Moreover, resulting DELs and their uncertainties are discussed and compared to uncertainties
related to the DEL computation. Finally, in Sections 5 and 6, the benefits and limitations of this work are discussed and conclusions are drawn.
2 | MODELS FOR ENVIRONMENTAL CONDITIONS
Predicted climate changes vary significantly with respect to their characteristic and extent between different areas. Even in Europe or the North
Sea, predictions are not uniform. For example, for some parts of Europe and the North Sea, increasing wind speeds and for others declining ones
are predicted.10,13 Therefore, it is not possible to investigate the impact of climate change on the fatigue lifetime of wind turbines in general. That
is why an exemplary offshore site and a corresponding generic wind turbine are chosen for this analysis. As a result, complete universal validity
cannot be claimed for the conclusions of this study. Nonetheless, due to the consideration of uncertainties and the selection of a site that is repre-
sentative for many offshore wind turbines in Europe, trends are generally valid.
2.1 | Exemplary offshore site
The selected exemplary offshore site is the location of the FINO3 measurement platform in the North Sea (see Figure 1). This selection has sev-
eral advantages. First, the location is close to various offshore wind farms. Hence, it is representative for many real offshore wind turbines.
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Second, the measurement mast delivers a large amount of high-quality measurements of environmental conditions. And third, several regional
predictions for the expected climate changes have already been made for the North Sea.
At FINO3, inter alia, maximum, minimum, mean and standard deviation values of the wind speed, measured at different heights between
30 and 100m above mean sea level, are available for 10-min intervals (see Appendix A for information regarding the data availability). Wind
speeds are measured with cup and ultrasonic anemometers. In this study, cup anemometers are used. Three anemometers are installed around
the mast to minimise shadow effects. In addition, 10-min mean values for humidity, air pressure and air temperature are accessible. Thus, air den-
sities can be calculated. A buoy in the immediate vicinity of the research platform (about 150m) measures wave conditions. For example, mean
values of significant wave heights and wave peak periods are recorded every 30min. The FINO3 platform has been measuring continuously since
2009. Here, a measurement period of 8 years (1 December 2010 to 30 November 2018) is considered. More detailed information regarding the
measurements at FINO3 can be found, for example, on the website.21 The postprocessing of the raw data, for example, the reduction of tower
shadow effects or the computation of air densities is explained in Hübler et al.22
Before adding climate change effects for the upcoming years, the present situation has to be described, Hence, for the FINO3 site, theoretical
statistical distributions for several important environmental conditions (wind speed (v), wave height (Hs), wave period (Tp) and air density (ρ)) are
derived using the postprocessed data. The selection of these four environmental conditions is based on previous studies23 or is due to the pro-
nounced predicted changes (cf. Section 2.2). Other environmental conditions, like wind-wave-misalignment or turbulence intensities, are either
modelled as constant or fully correlated without an own scatter (e.g., the turbulence intensity is modelled as a function of the wind speed). Since
environmental conditions are not independent of each other, correlations between them have to be considered. In this work, wind speed and air
density are regarded as independent inputs. Wave heights depend on wind speeds. Wave periods depend on the wave height. Exemplarily, the
dependency of wind speed and wave height is shown in Figure 2.
F IGURE 1 Position of the FINO3 platform
in the North Sea, adapted from OpenStreetMap
[Colour figure can be viewed at
wileyonlinelibrary.com]
F IGURE 2 Scatter plot of the measured wind speeds and wave
heights at FINO3 within the 8-year period to illustrate dependencies
[Colour figure can be viewed at wileyonlinelibrary.com]
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To cover the described dependencies of the environmental conditions, joint statistical distributions are commonly used.24–27 For this purpose,
in most cases, the data are divided into bins. This means: For the wind speed and air density, the entire data are utilised to fit theoretical statistical
distributions. However, for the wave height, the data are divided into bins of 2 ms−1 wind speed (marked in Figure 2). For each bin, an individual
distribution is fitted. This yields a noncontinuous joint distribution (cf. Figure 6 (right)). Applying an additional step, interpolations
(e.g., regressions) across the various bins can be used to create continuous joint distributions.26,27 In this work, we abstain from this additional
step and use noncontinuous joint distributions, which is a standard approach for wind turbine modelling.24,25 Similar to the wave height, for the
wave period, the data are split up into bins of 0.5 m wave height. In each bin or for the entire data, if no binning is applied, several theoretical
statistical distributions are fitted to the data. For example, normal distributions, Gumbel distributions, etc. are fitted. Distribution parameters
(e.g., μ and σ for the normal distribution) are determined using a maximum likelihood estimation. Since several distributions are fitted, X2 tests are
conducted in a second step to determine which theoretical statistical distribution fits the data best. This approach of fitting dependent statistical
distributions has already been successfully applied in Hübler et al22 for a similar data set. There, additional explanations can be found.
2.2 | Models for climate change
For classical wind turbine designs, statistical distributions of environmental conditions are used as a basis for lifetime calculations. The distribu-
tions are derived using measurement data of past years, as described in the previous section. However, this approach is actually only valid, if insig-
nificant long-term changes are assumed. In the introduction, it is outlined that current research clearly indicates that climate change will influence
these distributions in the long term. Therefore, models to predict these changes are required. The intention of this work is not to develop any
new prediction models. Instead, it applies three different existing predictions. Since wind conditions are design-driving for wind turbines, the first
two models are related to wind speed predictions. One model focusses on local predictions for the North Sea, while the other one analyses the
most recent global trends. The third one describes global warming, that is, air temperature predictions. The air temperature has an indirect impact





where p is the air pressure and Rspecific is the specific gas constant. Moreover, the rotor thrust (FT) is not only proportional to the square of the
wind speed (v) but also to the air density:
FT  ρv2: ð2Þ
Hence, it can be expedient to analyse not only the effect of long-term changes in wind speeds but also of air temperatures.
2.2.1 | Extreme wind conditions in the North Sea
The first prediction model is based on the work of Grabemann and Weisse.13 Grabemann and Weisse13 predict wind and wave conditions for the
North Sea for the end of the century (2071–2100). Not only the change of the median is predicted but also changes of the 99th percentile. While
changes of extreme events can be neglected in energy production predictions, they might be relevant for load calculations. The predictions are
based on simulation results of two different general circulation models (GCMs) in combination with two different emission scenarios. See
Grabemann and Weisse13 for more details.
For the FINO3 location, an increase of 0.45 to 1.025ms−1 of the 99th percentile of the wind speed distribution is predicted within the next
approximately 90 years. The range of values is a result of the model uncertainty due to different GCMs and emission scenarios. The median wind
speed is forecasted to change insignificantly by about 0.075ms−1. Due to the model uncertainty, even a small decrease of the median is possible.
Since no information regarding the type of distribution is given, we assume that it does not change. Grabemann and Weisse13 give predictions for
wave conditions as well. These predictions are not used for the present work, since wave conditions are modelled as dependent variables. Hence,
increasing wind speeds already result in higher wave heights. This increase is in the same order of magnitude as predicted by Grabemann and
Weisse.13
2.2.2 | Reversed global terrestrial stilling
The second prediction model is proposed by Zeng et al.14 They discovered increasing wind speeds all over the world during the last few years.
Based on a purely data-driven approach, an increase of the mean wind speed of 0.24ms−1 per decade is predicted. The uncertainty of this predic-
tion is given as σ =0:03ms−1. Hence, based on a 4σ interval, the expected increase is between 0.12 and 0.36ms−1 per decade. Regarding extreme
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values, no information is given. In this work, we therefore assume that the 99th percentile increases accordingly and the type of distribution
remains the same. This simplification requires approval in future research.
2.2.3 | Air temperature in the North Sea
The last prediction model focusses on air temperature changes due to global warming. It is based on the work of Giorgi et al.5 Similar to
Grabemann and Weisse,13 predictions for the period 2071–2100 were made. Moreover, the same two emission scenarios were analysed. The
predictions are based on simulations of a regional climate model (RCM) nested within a GCM. Predictions are given for summer and winter
months separately. For details, it is referred to Giorgi et al.5 For the FINO3 location, an increase of 1.8 to 2.9 K of the air temperature is predicted
within the next approximately 90 years. The range results from the different scenarios and considered seasons. Since Giorgi et al.5 do not give
clear guidance on how the air temperature distribution changes (e.g., if the standard deviation is changing as well), it is assumed that the distribu-
tion remains unchanged. Hence, each temperature value is increased by the same value of 1.8 to 2.9 K.
2.3 | Uncertainty modelling
To explain the required uncertainty modelling, a simplified example is introduced: We assume that the wind speed (x in this example) currently fol-
lows a normal distribution with the following distribution parameters θ = ½μ σT : mean value μ=10 ms−1 and standard deviation σ =2 ms−1. A
change of the mean value of 3.5 to 4.5 ms−1 per decade is assumed to be predicted. This change is exaggerated for illustration purposes in
Figure 3. The shape of distribution remains unchanged (i.e., σ is constant). For the avoidance of doubt, this exaggerated example is only used for
illustration purposes is this section and not for the analyses in Section 4, where real data are used.
If no long-term changes of the environmental conditions are considered, the physical variability (or aleatory uncertainty) of these conditions
is most frequently modelled using probability (PDF; f(xjθ)) or cumulative density functions (CDF; F(xjθ)). This procedure is described in Section 2.1.
However, over time, climate change causes a variation of these distributions. Hence, distribution parameters θ change. At the same time, the
model (epistemic) uncertainty increases. For our example, assuming a linear trend, after 10 years, the mean wind speed has increased by 3.5 to
4.5 ms−1. After 20 years, the uncertainty interval is already 7 to 9ms−1.
To reproduce these two types of uncertainty (i.e., polymorphic uncertainty), interval random variables (i.e., imprecise probabilities) are applied.






Accordingly, lower and upper PDFs can be defined for year n:
fnðxÞ=minðfðxjθÞÞwith θn ≤ θ ≤ θn and ð4Þ
fnðxÞ=maxðfðxjθÞÞwith θn ≤ θ ≤ θn: ð5Þ
For our example, the original PDF, the changed PDFs after one and two decades, and the corresponding uncertainty intervals are illustrated
in Figure 3.
F IGURE 3 Illustration of interval definitions for PDFs due to
increasing epistemic model uncertainty for three dates (today, in
one decade, and in two decades). Effects are significantly exaggerated
for illustration purposes [Colour figure can be viewed at
wileyonlinelibrary.com]
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3 | FATIGUE LIFETIME MODELLING
To efficiently analyse the impact of climate change on wind turbine fatigue lifetimes, three aspects have to be considered. First, a procedure to
calculate fatigue lifetimes or at least a measure for lifetime fatigue damages is needed. Here, lifetime DELs28 are utilised. Second, a suitable wind
turbine model is required. Such a turbine is the NREL 5MW reference wind turbine.29 And last, to ensure an efficient computation, a meta-model,
which correlates (polymorphic) uncertain environmental conditions to short-term DELs, is helpful. All three aspects are explained in the following
in more detail.
3.1 | Damage equivalent loads
A short-term DEL represents a load signal with a constant frequency and amplitude (Seq). It yields the same damage according to the Palmgren-






where Nref = 600 to set the frequency of the DEL to 1 Hz for a 10-min period. Si and ni are different amplitudes and the corresponding number of
cycles in the original load signal, when applying a rainflow counting. Material exponents are chosen as m=3 for steel and m=10 for composite
materials in the rotor blades. Since the Palmgren-Miner rule is assumed to be valid, linear damage accumulation is presumed. For steel compo-
nents, this assumption is widely valid. For rotor blades made of fibre-reinforced composites, its applicability is at least questionable.30 Nonethe-
less, since fatigue modelling itself is not the focus of this work and DELs are still widely used in research and industry, we decided to stick with
DELs as a measure of fatigue.
Short-term DELs give us a representative measure of fatigue for a short-time period (e.g., 10 min). However, to gain knowledge about fatigue






where x is the input vector of environmental conditions, that is, x= ½v Hs Tp ρT , and f(x) is the joint probability density function of x. In this work,
only operating conditions are considered. This means that, for example, no environmental conditions are considered, where the wind speed
exceeds the cut-off wind speed of 25ms−1 (see also Figure 6 (right)). Surely, this is a simplification of the actual situation. However, operating
conditions contribute—at least for all steel components—most to fatigue. Moreover, other situations like rotor stops or fault cases depend signifi-
cantly on the controller and turbine design and less on climate change. Therefore, they are less relevant for this study. Since the integral in
Equation (7) cannot be solved analytically, normally, a finite number of random realisations of x is used to estimate Seq,LT, that is, Monte Carlo
integration.





. In this context, an important fact is that x does not necessarily yield Seq. For example, a low air density (i.e., x) can lead
to low fatigue loads (i.e., Seq ) due to a reduced rotor thrust (cf. Equation 2). However, it can also yield higher fatigue loads (i.e., Seq ) due to
decreased aerodynamic damping. Hence, the relationship is nonlinear. Therefore, for each realisation of x, the minimum and the maximum value
of Seq has to be found:
SeqðxÞ=min SeqðxÞjx2 x,x½ ð Þ and ð8Þ
SeqðxÞ=max SeqðxÞjx2 x,x½ ð Þ: ð9Þ
Hence, a minimisation and a maximisation problem have to be solved for each realisation within the Monte Carlo integration. Here, they are
solved using global optimisation by applying the global pattern search approach by Hofmeister et al.31 A track number of T =2 is chosen. A low
track number results in a fairly local version of the global pattern search approach. This is reasonable, since there is only a low number of local
minima in the ‘truncated’ objective spaces, that is, in x,x½  . A detailed and illustrative explanation of the optimisation problem embedded in the
Monte Carlo integration for interval random variables is given by Hübler et al.32
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3.2 | Wind turbine model
To determine the short-term DELs in Equation (6), load signals are required. In this work, load signals are simulated using the aero-hydro-
servo-elastic simulation framework FASTv833 of the ‘National Renewable Energy Laboratory’ (NREL). Similarly to a reference site in Section 2.1, a
reference turbine is required. Here, the NREL 5MW reference wind turbine29 with the OC3 monopile as substructure34 is chosen (see Figure 4).
A soil model that applies soil-structure interaction matrices35 enhances the FASTv8 code. Soil conditions of the OC3 phase II model34 are
assumed. For all simulations, the simulation length is set to 10 min according to Hübler et al.22 The ‘run-in’ time (i.e., the time that has to be
removed from each time series to exclude initial transients) is set to 240 s.22 The turbulent wind field is calculated using the Kaimal model. The
JONSWAP spectrum is applied to compute irregular waves. Six relevant locations are selected to evaluate the load signals: shear force and over-
turning moment at mudline in (Fx and My) and perpendicular (Fy and Mx) to the wind direction and blade root bending moments (‘in-plane’ MIP and
‘out-of-plane’ MOoP). The locations are marked in Figure 4 together with the corresponding coordinate system.
3.3 | Meta-modelling
For the determination of long-term DELs, according to Equation (7), a multidimensional integration is required. As stated before, this integral is
normally approximated by Monte Carlo integration, that is, a finite number of random realisations of x. In case of interval random variables, an
embedded optimisation has to be solved for each realisation (cf. Section 3.1). Ideally, the number of realisations corresponds to the number of
10-min periods in the entire lifetime of 25 years, that is, 1.3149 × 106. In this case, no load extrapolation techniques—adding additional
uncertainties—are required. If applied, the embedded optimisation demands additional realisations, so that approximately 108 to 109 overall model
evaluations are necessary. Since one model evaluation (i.e., one realisation of Seq(x) and therefore one time-domain simulation using the FASTv8
code) has a computing time of approximately 10min, this procedure becomes inappropriate. Therefore, meta-models (g(x)), which approximate
short-term DELs (Seq(x)) by correlating the considered variable environmental conditions wind speed, wave height, wave period and air density
with short-term DELs, are used in this work:
F IGURE 4 Visualisation of the OC3 monopile and the NREL 5MW
reference wind turbine (not to scale). Evaluated locations for load
signals are marked. Inertial frame coordinate system: x downwind
direction, y to the left when looking downwind and z vertically upwards
[Colour figure can be viewed at wileyonlinelibrary.com]
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ŜeqðxÞ= gðv,Hs,Tp,ρÞ: ð10Þ
For this purpose, first, n= ntraining + ntest = 10000 time-domain simulations using the FASTv8 code are conducted for random realisations of x.
This yields a data base of 10 000 short-term DELs and the corresponding environmental conditions. This simulation data base is published as an
open-access data publication within the Research Data Repository of the Leibniz University Hannover (see Appendix A). Based on these data, in a
second step, an own meta-model is created for each of the six considered loads. Meta-models for DELs gave promising results in the past.28,36
Based on results of previous research and the results of Hübler and Rolfes,32 a Kriging meta-model with a linear basis function and a squared
exponential covariance function is set up. The Kriging model is fitted based on ntraining = 5000 training data points. In a third step, the meta-models
are validated based on another ntest = 5000 test data points. A visual validation for one exemplary load can be seen in Figure 5. Moreover, the










where ŜeqðxÞ is the short-term DEL predicted by the Kriging model.
Clearly, there are possible improvements regarding the meta-modelling especially for loads perpendicular to the wind direction. For these
loads, wave effects become more relevant. Wave effects, especially resonance effects, are fairly nonlinear and therefore more challenging for
meta-models. For possible improvements regarding meta-modelling, see for example Dimitrov et al28 or Slot et al.37 Moreover, in any case, meta-
modelling adds an additional uncertainty to the lifetime DEL calculation. Although both are not focus of this work, the additional uncertainty will
be discussed in Section 4.4.
4 | RESULTS
To determine the influence of climate change on the fatigue lifetime of offshore wind turbines, the methods presented in Sections 2 and 3 are
applied to the described reference site and turbine. For the reference site, the present site conditions are determined. Subsequently, they are
extrapolated for a planned wind turbine lifetime of 25 years. Finally, lifetime predictions based on the present site data and extrapolated condi-
tions are conducted and compared to each other.
4.1 | Actual site data
For the FINO3 site and a measurement period of 8 years, postprocessed data are used to derive theoretical statistical distributions for wind speed,
wave height, wave period and air density using the approach described in Section 2.1. Wind speed and air density are considered as independent
F IGURE 5 Visual validation of the Kriging model for Fx: Kriging
prediction vs. aero-elastic simulation results [Colour figure can be
viewed at wileyonlinelibrary.com]
TABLE 1 Normalised root-mean-square errors (NRMSE) for the test data for all six loads
Load Fx Fy Mx My MIP MOoP
NRMSE 0.059 0.120 0.274 0.075 0.003 0.073
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variables. For the wave height, several distributions are defined for different wind speed bins. For the wave period, distributions change
depending on the wave height. The distributions of wind speed and air density are shown in Figure 6 (left and middle). In addition, for some wind
speed bins, the corresponding wave height distributions are displayed in Figure 6 (right). All distribution types and parameters are summarised in
Appendix B.
The theoretical distributions given in Figure 6 represent the empirical distributions of the given 8-year period relatively well. Still, there is
some statistical uncertainty due to limited data especially for dependent variables.32 Since climate change is expected for the upcoming years, the
validity of these distributions for the next 25 years, that is, the planned lifetime of a wind turbine constructed today, is not approved.
4.2 | Predicted site data
In Section 2.2, three different models for climate change are presented. Two models focus on increasing median and extreme (99th percentile)
wind speeds13,14 and one on increasing air temperatures.5 In the following, the models based on Zeng et al,14 Grabemann and Weisse13 and
Giorgi et al5 are called MedWind, ExtWind and Temp, respectively. All three models are applied to predict the change of the distributions deter-
mined in the last section. Only for the MedWind model, a change per decade is explicitly stated. For the other two models, predictions for the
period 2071-2100 are given. To calculate changes per decade and finally yearly changes, we assume a linear increase reaching the given predic-
tions in 90 years. Surely, this assumption is an unvalidated simplification. The real change is expected to be nonlinear. Nonetheless, first, this
assumption is probably conservative, since an acceleration of the changes is predicted. Hence, changes in the next 25 years will be slightly lower.
And second, if necessary for further investigations, models for climate change can easily be interchanged making analyses more precise. The
resulting changes per decade are summarised in Table 2. In addition, upper and lower limits of changes per decade due to the uncertainty in the
predictions are given.
Based on these changes, theoretical distributions are determined for each year within the 25-year lifetime. As explained in Section 2.2.3, for
the air temperature change, it is assumed that the whole distribution is shifted. For this purpose, each temperature value in the original data is
increased by the corresponding ΔT value. Subsequently, for each year, a distribution is fitted to the data. The resulting air density distribution after
25 years is shown in Figure 7 (middle). Lower and upper limits are given as well. For the wind speed, changes are given for the median and the
99th percentile. It is assumed that the type of distribution (here Weibull distribution) remains unchanged. Then, using numerical optimisation, new
distribution parameters, which yield the required values for the median and the 99th percentile, are calculated. This procedure leads to a change
of the shape of the distribution, since extreme wind speeds become more probable (i.e., the standard deviation of the distribution is increased).
TABLE 2 Predicted changes per decade for median (Δv, 50) and extreme (Δv,99) wind speed and air temperature (ΔT) at the FINO3 site based
on the three models MedWind, ExtWind and Temp based on Zeng et al,14 Grabemann and Weisse,13 and Giorgi et al,5 respectively
MedWind ExtWind Temp
Δv,50 in ms−1 0.24 0.008 0
Δv,50 in ms
−1 0.12 - 0.36 −0.003 - 0.019 0
Δv,99 in ms−1 0.24 0.082 0
Δv,99 in ms
−1 0.12 - 0.36 0.050 - 0.11 0
ΔT in K 0 0 0.27
ΔT in K 0 0 0.20 - 0.32
Note: Ranges (Δ±) due to the uncertainty of the predictions are given as well.
F IGURE 6 Probability density functions (PDFs) for wind speed (left), air density (middle) and significant wave height (right) for the FINO3 site.
For the wave height, the noncontinuous joint PDF (wind speed-wave height PDF) is given. Corresponding distribution types and parameters are
given in Appendix B [Colour figure can be viewed at wileyonlinelibrary.com]
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This fact is illustrated in Figure 7 (left). Wave height and wave period distributions are assumed to be constant. It should be noted that this does
not mean that wave heights do not increase over time. Since wind speeds increase and wave heights depend on the wind speed, higher wave
heights are predicted even for constant wave height distributions. An illustration of increasing wave heights is given in Figure 7 (right). The
assumption of increasing wind speeds (fH, 0−25(v)) leads to slightly higher wave heights compared to a constant wind speed distribution (fH,0(v)).
4.3 | Lifetime prediction
As a measure of the fatigue lifetime of the considered reference turbine, lifetime DELs based on Equation (7) are used. This equation is approxi-
mated using Monte Carlo integration. Meta-models are applied for the calculation of the short-term DELs (cf. Section 3.3). The required random
realisations of x, that is, of the environmental conditions, are based on the theoretical distributions determined in the previous section. Since the
distributions change over time, for each year, individual distributions are used. The 1.3149 × 106 samples corresponding to 25 years are split up
into separate years. For each year, 52 596 samples are drawn from the corresponding distributions. Subsequently, Equation (7) is evaluated by
means of the meta-models (and a global optimisation in case of interval random variables).
Five different cases are considered: No climate change (Ref ), increase of the wind speed according to Zeng et al14 (MedWind) and Grabemann
and Weisse13 (ExtWind), and increase of wind speed and air temperature (MedWindTemp and ExtWindTemp). For each of these five cases,
predicted lifetime DELs of all six loads are calculated together with lower and upper limits representing the inherent uncertainty. For the over-
turning moment at mudline in wind direction (My) and the ‘out-of-plane’ blade root bending moment (MOoP), percentage differences in lifetime
DELs of the four climate change models compared to the reference model (i.e., the model, which assumes no climate change (Ref )) are given in
Table 3. For all other loads, results are summarised in Appendix B.
Analysing the results in Table 3 and the additional outcomes summarised in Table C1 in Appendix B, several trends become clear. First and
most important, independent of the model, the increase in lifetime DELs is below 5% and therefore fairly small. Second, the uncertainty in the pre-
diction compared to the change itself is quite high. For example, for the MedWind model, the overturning moment changes between zero and two
percent, while an increase of 1% is predicted. This is an uncertainty of ±100%. And third, the increasing air temperature has nearly no influence
on fatigue loads. It can lead to slightly higher and lower lifetime DELs, since decreasing air densities reduce aerodynamic loads and damping at the
same time. Which effect is dominating, depends on the considered load but also on the actual wind speed, etc.
F IGURE 7 Probability density functions (PDFs) for wind speed (left) and air density (middle) for the FINO3 site today (f0) and in 25 years (f25).
Twenty five-year prediction is based on the MedWind and Temp model, respectively. Lower and upper limits due to the uncertainty in the
predictions are given. For the wave height (right), normalised histograms showing the occurrence probability over 25 years are given assuming no
wind speed change (fH,0(v)) or a linear increase according to the MedWind model (fH,0−25(v)) [Colour figure can be viewed at wileyonlinelibrary.
com]
TABLE 3 Percentage differences in lifetime DELs of the four climate change models compared to the reference model (Ref) for two loads:
overturning moment at mudline in wind direction (My) and the ‘out-of-plane’ blade root bending moment (MOoP)
ΔMy in % ΔMOoP in %
MedWind 1.01 1.58
−0.08 - 2.08 0.71 - 2.37
ExtWind 0.20 0.53
0.03 - 0.32 0.27 - 0.67
MedWindTemp 1.04 1.48
−0.07 - 2.11 0.63 - 2.24
ExtWindTemp 0.23 0.47
0.04 - 0.35 0.20 - 0.61
Note: Ranges due to the uncertainty of the climate change models are given.
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4.4 | Other uncertainties
In the previous section, it was demonstrated that the influence of climate change on lifetime DELs and therefore on fatigue lifetimes is limited.
Before we draw conclusions regarding the relevance of including climate change models into lifetime calculations, an analysis of other uncertainties
in this process is valuable. Only if effects of climate change are comparably relevant compared to other uncertainties, the inclusion of climate change
models provides an additional value. In this section, three different types of uncertainties are considered exemplarily: the uncertainty of the meta-
model, the uncertainty of the lifetime calculation/extrapolation and the uncertainty of the initial (unextrapolated) distributions. Surely, there are sev-
eral other uncertainties, whichmight also be important. However, the selected three uncertainties already clarify the present challenge.
Regarding the uncertainty of the meta-model, Figure 5 shows that uncertainties in short-term DELs of up to 10% are not uncommon. Of
course, more sophisticated meta-models can decrease this uncertainty. However, up to now, errors of lifetime DELs remain around 5%.28 This
might change in future, while meta-models become even more accurate.
To eliminate the uncertainty of meta-modelling, lifetime calculations can also be based on aero-elastic simulations instead. In this case, it is
not practical to conduct 1.3149 × 106 simulations to model the entire lifetime. Much fewer simulations are conducted (e.g., 10 000). Then, results
are extrapolated. In Hübler et al,38 it is shown that such extrapolations lead to errors due to finite sampling of at least 5–10%. In many cases, the
extrapolation uncertainty is even much higher. Hence, this is no alternative to reduce the overall uncertainty. At this point, it should be mentioned
that even without any extrapolation, there is some uncertainty due to finite sampling. This uncertainty is a result of the random selection of the
1.3149 × 106 samples in 25 years. However, this uncertainty is only around 0.1% and therefore negligible.32
Effects of the uncertainty of the initial (unextrapolated) distributions on lifetime DELs have recently been investigated.32 It was shown that
this uncertainty highly depends on the uncertainty model itself. Nonetheless, it was concluded that—especially if an insufficient amount of data is
available, which is frequently the case for high wind speed bins—distributions of dependent variables feature a high amount of uncertainty. This
uncertainty propagates through the entire lifetime calculation. Resulting uncertainties of the lifetime DELs are around 10%. Although it might be
possible to reduce this type of uncertainty using more advanced methods determining the statistical distributions of the environmental conditions,
without further research, it is clearly relevant in this context.
To summarise: Uncertainties within the fatigue lifetime calculation are in general higher than the predicted variation due to climate change.
This poses a challenge for the incorporation of climate change models into lifetime calculations. Only if meta-models or extrapolation techniques
are improved and very comprehensive site data are available or the modelling of site-specific environmental conditions is enhanced, climate
change models can actually improve lifetime calculations.
4.5 | Concluding results
In this section, we draw conclusions regarding the relevance of including climate change models into current lifetime calculations.
First, climate change has an identifiable but fairly small influence on the fatigue lifetime of offshore wind turbines in the North Sea. The inher-
ent uncertainty of this influence is quite large compared to the effect itself. The influence is mainly driven by increasing wind speeds and not by
rising air temperatures. Air temperature variations have a negligible effect.
Second, if there is an influence, is it relevant as well? Regarding this question, it has to be concluded that climate change does not have to be
considered in current lifetime calculations in the first place. Present meta-models, approaches to determine distributions for environmental condi-
tions, etc. lead to uncertainties that exceed all effects of climate change modelling.
5 | BENEFITS AND LIMITATIONS
Recently, it has been forecasted that wind speeds will increase over the next few decades again. The influence of these increasing wind speeds
and other effects of climate change on fatigue loads of offshore wind turbines has been analysed in this work for the first time ever. Since predic-
tions regarding climate change are fairly uncertain, the present analysis incorporated an uncertainty quantification. It was shown that—using cur-
rent models and approaches—the use of climate change models within lifetime calculations of offshore wind turbines has no pronounced
additional value. Hence, such effects should either be neglected within turbine design or further developments are required to reduce other
uncertainties.
The present study is based on several assumptions and simplifications. For example, all investigations might be site- and turbine-dependent.
Here, only a single site in the North Sea and a reference turbine are analysed. For sites outside the North Sea, for which much higher changes are
predicted, the results might be different. Nonetheless, the feature that significant changes in wind speeds (e.g., 0.6 ms−1 in 25 years) only lead to
marginal changes in lifetime DELs (+1.01% for ΔMy) is probably relatively generally valid. Moreover, DELs are only calculated based on operating
conditions. Real storms above cut-off wind speed are not considered. However, they are normally less relevant for fatigue. In addition, it should
HÜBLER AND ROLFES 285
be mentioned that both the utilised meta-model and the concept of using DELs for rotor blades lead to model uncertainties that are not explicitly
considered within the lifetime calculation in this study. For the general conclusions of this study, these uncertainties should not be relevant or
even reinforce them, since effects of climate change might become even less relevant. Moreover, this study focussed on fatigue loads and not on
extreme loads. This is reasonable, since fatigue is normally design-driving for most components (e.g., all parts made of steel). Nonetheless, for
rotor blades and in regions with hurricanes etc., an additional study for extreme loads would be valuable, especially since extreme weather condi-
tions are predicted to become more probable. Finally, it should be noted that effects of climate change on fatigue lifetimes might become more
relevant for the next generation of large turbines (≥8MW) with, for example, very flexible blades and more nonlinear coupling effects like blade
bending and twisting etc.
6 | CONCLUSIONS
While wind energy has the potential to reduce green house gas emissions, and therefore has an influence on climate change, the inverted effect
of climate change on wind turbines is less analysed so far. Some previous studies focussed on potential changes in the wind energy production
potential, but influences on wind turbine loads are nearly unexplored. In this work, effects of increasing wind speeds and air temperatures over
the next 25 years were investigated for wind turbines in the North Sea. It was shown that fatigue loads will increase slightly (below 5%). Nonethe-
less, as other uncertainties in the lifetime calculation are significantly larger, an inclusion of effects of climate change into lifetime calculations is
currently not necessary. This might change if lifetime calculations become more accurate—resulting in less conservative design—or if climate
change becomes more severe.
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APPENDIX A: DISTRIBUTION PARAMETERS FOR ACTUAL SITE DATA
In this appendix, the distribution parameters for all distributions determined in Section 4.1 are given.
Wind speed:
Dependencies: none






































Distribution parameters: given inTable B2
Significant wave height:
Dependencies: wind speed














Distribution parameters: given inTable B3
Wave peak period:
Dependencies: wave height



















Distribution parameters: given inTable B4
TABLE B1 Statistical parameters of the wind speed distribution
Distribution k λ
Weibull 2.3249 10.9221
TABLE B2 Statistical parameters of the air density distribution
Distribution p μ1 μ2 σ1 σ2
Bimodal log-normal 0.3192 0.1897 0.2133 0.0117 0.0216
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APPENDIX B: ADDITIONAL LIFETIME PREDICTION RESULTS
In this appendix, lifetime results in addition to Table 3 are given for the overturning moment at mudline perpendicular to the wind direction (Mx),
the ‘in-plane’ blade root bending moment (MIP) and the shear force in (Fx) and perpendicular (Fy) to the wind direction. The additional results are
summarised inTable C1.
TABLE B3 Statistical distributions and their parameters for the significant wave height depending on the wind speed
Wind speed in ms−1 Distribution k θ μ β
2 − 4 Extreme value - - −0.6574 0.3134
4 − 6 Extreme value - - −0.7384 0.3344
6 − 8 Extreme value - - −0.9072 0.3803
8 − 10 Gamma 7.0524 0.1948 - -
10− 12 Gamma 7.8838 0.2148 - -
12− 14 Gamma 8.5426 0.2377 - -
14− 16 Gamma 8.3262 0.2975 - -
16− 18 Gamma 12.1001 0.2457 - -
18− 20 Gamma 13.2347 0.2675 - -
20− 22 Gamma 14.2778 0.2895 - -
22− 24 Gamma 25.4950 0.1990 - -
24− 26 Gamma 31.4446 0.1708 - -
TABLE B4 Statistical parameters of the wave peak period distribution depending on the wave height
Wave height in m Distribution p μ1 μ2 σ1 σ2
0.0 − 0.5 Bimodal extreme value 0.6053 −3.9626 −9.6905 1.0930 1.8538
0.5 − 1.0 Bimodal extreme value 0.6638 −4.6603 −10.0790 1.0185 2.0736
1.0 − 1.5 Bimodal extreme value 0.8207 −5.4593 −10.2861 0.9346 1.5219
1.5 − 2.0 Bimodal extreme value 0.8333 −6.1431 −8.2518 0.8892 1.8590
2.0 − 2.5 Bimodal extreme value 0.1697 −5.9281 −7.3713 0.3110 0.8724
2.5 − 3.0 Bimodal extreme value 0.1687 −6.4572 −7.9640 0.3089 0.7274
3.0 − 3.5 Bimodal extreme value 0.1257 −6.9451 −8.4853 0.3478 0.7700
3.5 − 4.0 Bimodal extreme value 0.3759 −8.5794 −8.9802 1.1084 0.6060
4.0 − 4.5 Bimodal extreme value 0.4763 −9.5501 −9.6170 1.0189 0.5989
4.5 − 5.0 Bimodal extreme value 0.7492 −10.1678 −10.0311 0.9665 0.2020
5.0 − 5.5 Bimodal extreme value 0.0405 −9.1045 −10.6642 0.1413 0.7275
5.5 − 6.0 Bimodal extreme value 0.8880 −10.9433 −13.4173 0.7736 0.1094
6.0 − 6.5 Bimodal extreme value 0.1526 −10.6463 −11.8768 0.0049 0.8003
TABLE C1 Percentage differences in lifetime DELs of the four climate change models compared to the reference model (i.e., the model,
which assumes no climate change (Ref)) for four loads: the overturning moment at mudline perpendicular to the wind direction (Mx), the ‘in-plane’
blade root bending moment (MIP) and the shear force in (Fx) and perpendicular (Fy) to the wind direction
ΔMx in % ΔMIP in % ΔFx in % ΔFy in %
MedWind 2.29 0.21 2.03 3.24
0.58–3.96 0.11–0.32 0.96–2.99 1.28–5.14
ExtWind 0.40 0.02 0.34 0.70
0.10–0.63 0.01–0.04 0.13–0.43 0.31–1.00
MedWindTemp 2.31 0.21 2.03 3.19
0.60–4.00 0.10–0.32 0.97–2.99 1.24–5.08
ExtWindTemp 0.42 0.02 0.34 0.67
0.12–0.66 0.00–0.04 0.13–0.43 0.27–0.96
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